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CHAPTER |
INTRODUCTION

1.1 Problem identification

Current learning algorithms were designed to cope only with timeless data or
stationary-class data. This implies that the lifetime of the data is assumed no expiration
and the data belong to a certain class forever. But in some situations or scenarios, this
implication is not always true. For example, changes in student status may include
suspension, withdrawal, lapsing and reinstatement, and change of program under
conditions of university even though the features of this student have never been
changed. In this study, | focused on the development of a new learning algorithm and
network structure to cope with data with expiration and data whose class can be
temporally changed. The amount of training data is variable. However, if the training
data are not assumed to gradually flow into the network, the actual amount of total
data will overwhelm the space complexity of the learning network. When the class of
any datum is expired or changed, its features are still the same. The network structure
can learn this datum in the training process. But the structure cannot be used to
distinguish this datum whether its class is expired or changed to another class in the
testing process. This is because the features are firstly classified according to its target
by a neuron « . When its class is changed to a new class, another neuron f is used
to secondly learn this datum. Hence when predicting the actual class of this datum
after its class change, both neurons « and f will response to this datum. This creates
a non-deterministic situation.

To overcome these problems, a new incremental learning algorithm in various
environments based on versatile elliptic basis function (VEBF) called a multi-stratum
network has been proposed. The proposed learning algorithm can learn expired and
class-changed data without storing all the previous training set. In abrupt changing
environments, the proposed algorithm can preserve a good balance in both stability
and plasticity using to maintain some relevant information in the network and to learn

a new class in such this situation during training process. For improving the performance



of the proposed algorithm in training process, the training data can be learned with a

training datum or a chunk of training data for adapting the network.

1.2 Problem formulation

Let X={X,,...,Xy} be a set of training data. Each datum X; consists of a d
features, i.e., X; ={X;,..., X ¢} with a label of class target z;(k) €{0,1,...,m} at time
k. A datum is expired if 7,(k) =0 otherwise it is in one of M classes. At the beginning
all 7;(1) e{L,...,m}. After a period of time a, this datum Xx; is expired which implies
that 7,(a) =0. However, datum X; can be one of the queried data at any time and
the classifier must be able to indicate that X; is already expired. The following

constraints are imposed on these studied problems.

1. For any datum X;, the feature set {X;,,..., X 4} is fixed regardless of time and

class target.

2. For any datum Xx,, time k in 7,(K) is randomly defined.

3. Once datum X, is expired at time @, i.e. 7,(a) =0, it is discarded forever from
both training and testing processes for k > a.

4. Any datum X; may or may not appear in testing set during the evaluation
process.

5. Only streaming data are involved in this study. They are learned by one-pass-
throw-away training process to maintain a linear learning time complexity with

respect to the number of data.

6. Since streaming data are concerned, any datum X; will be arbitrarily allowed

to reenter or not to reenter the testing process.

In this study, the problem of data expiration is transformed into the problem
of learning class change by treating any datum whose life time is expired as a datum
in class 0. This implies that the datum must be trained twice and captured by at least
two sets of neurons of different classes. The first training process occurs when the

datum is not in class 0. The second training process is when the datum changes its



class when it is expired. It is possible that a non-deterministic situation may occur due
to the capture of data by neurons from different classes. However, the network must
be able to identify the exact class of any queried data. Although some data are expired,
their class cannot be omitted from consideration to maintain the correctness of
classification. Furthermore, if the number of expired data increases, then the size of
the network may proportionally increase as well. This is an undesirable scenario. The
increasing rate of network size should be slower than the increasing rate of the number

of expired data. Therefore, the studied problem concerns the following issues.

1. What is the appropriate network structure to capture this datum before and

after its class change?

2. How to perform one-pass-throw-away training in temporal class change

situation for the data are streaming data?

3. How to identify the correct class of any datum whose class is temporally

changed?

4. How to keep track of expired data with low space complexity?

Figure 1.1 shows an example of how expired data are handled. There are three
classes denoted by stars, thick dots, and squares as shown in Figure 1.1(a). When some
data in each class are expired, these expired data are captured by some neurons as
shown in Figure 1.1(b). Note that any expired data are captured by two neurons, one
from expiration class and another from non-expiration class. The proposed method

must be able to handle this non-deterministic situation.
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Figure 1.1 An example of how expired data are captured. There are three classes

denoted by stars, thick dots, and squares. (a) Before some data are expired. (b)

After the data are expired. All those expired data are captured by dashed

ellipses.

1.3 Research objective

The main objective of this dissertation is to develop a new learning algorithm

for classifying expired or class-changed data.



1.4 Scope of work
In this dissertation, the scope of work is constrained as follows:

1. The proposed algorithm is focused on the classification problems whose data

are expired and changed class labels.

2. The benchmark data sets are taken from the University of California at Irvine
(UCI) repository of machine learning database [1] to simulate the expiration or
class change and popular data sets for the concept drift problems. Those data
from the concept drift problems were given by U.S. National Oceanic and
Atmospheric Administration collected from temperature, pressure, visibility,
and other-related events of weather measurements as described in [2] and by
New South Wales Electricity Market collected from time and demand

fluctuations in Australia as described in [3].

1.5 Research advantage

The proposed learning algorithm can efficiently apply to various business
applications whose data are expired and changed class labels, e.g., electricity market,
weather prediction, spam and fraud detection. After learning, all trained data can be

discarded forever.

1.6 Outline of the dissertation

The remainder of the dissertation is organized as follows. Chapter Il reviews the
related literatures and the relevant backgrounds. Chapter Ill describes the concept of
my proposed methods. Chapter IV shows the experimental results. Chapter V

concludes the study.



CHAPTER Il
LITERATURE REVIEW

Incremental learning algorithms have been developed and widely applied for
solving classification problems [4-8], such as data stream problems [9-12], large-scaled
problems [6], and pattern recognition problems [13]. There are a lot of techniques that
can be applied to solve these problems. For instance, the technique described in [11]
built a decision tree incrementally to solve classification problem. Incremental kernel
principal component analysis (IKPCA) [14], incremental principal component analysis
(IPCA) [7], and incremental linear discriminant analysis (ILDA) [15] were proposed for
online feature extraction in the classification system. The technique studied in [6]
extended online incremental support vector machine (OI-SVM) to solve large-scaled
problems consisting both in stationary environment and in non-stationary
environment. For high dimensional data, [16] presented self-organizing incremental
neural network by optimizing distance metric in learning process. The versatile elliptic
basis function (VEBF) [4] can be used for one-pass-throw-away learning without storing
all previous data. The adjusted self-organizing incremental neural network classifier
(ASC) [8] automatically learns the number of prototypes needed to determine the
decision boundary. In case of application to imaging field, incremental multiple-object
recognition and localization (IMORL) [17] can automatically and adaptively learn from
continuous video streams. These techniques can be applied to the real-world
applications.

A similar problem of learning in non-stationary environment was studied. In this
environment, data can change their classes over time. This leads to the dynamical
change of class distribution in the data space. The learning in non-stationary
environments is known as concept drift as described in [18, 19]. Types of changing in
non-stationary environment consist of: gradual or trend changes, and abrupt (sudden)
changes [3]. The recent learning algorithm under various environments has been
developed and widely studied in several classification problems such as electricity

market prediction [20], weather prediction [3], credit card fraud protection [21], spam



detection [10], and surgery prediction [22]. For instance, the technique based on
dynamic fuzzy pattern matching (DFPM) [23] was proposed to recognize pattern for
the online monitoring of non-stationary environments. Linear discriminant analysis was
applied by [24] to observe and model under gradual or abrupt changes in data
distribution. Ensemble of subset online sequential extreme learning machine (ESOS-
ELM) [25] was proposed a change detection technique to promptly detect concept
drift situations. The trigger-based ensemble (TBE) [22] was designed to handle concept
drift in surgery prediction that the guidelines of referral were changed due to scientific
developments and clinical practices. The technique of multiple expert systems also
called ensemble systems under concept drift situations [26] was proposed to adjust
each expert based on its loss function and weighted majority vote (WMV) [27] provided
to be used adaptation bounds on the loss function. The difficult challenge of learning
in various environments is how to preserve all acquired knowledge, so that it must
decide to whatever knowledge should replace or retain for improving of its
performance [28]. However, learning should retain any previously acquired knowledge
which is still essentially known as “stability-plasticity dilemma”, where “stability”
means to maintain existing knowledge and “plasticity” describes the ability to learn
new knowledge [3]. In recent machine learning survey under non-stationary
environments, the developed techniques have been proposed for solving problems
under various assumptions and the following issues:

Window-based technique: The earliest technique has been developed with
underlying non-stationary environments by moving window containing block of the
last training data. With this technique, the window size is considered. If a longer window
is used for adapting, an environment of a system is slowly varied but stable and well
trained classifier is obtained. On the other hand, a smaller window used for adjusting
the system reacts quickly in fast changing environment but its performance may be
low due to insufficient training data in the window. For this technique, selecting or
adapting the window size is further studied [19]. The classifier proposed in [29] is based
on windows of various sizes, which is more versatile and able to learn abrupt change

of class concept than the classifier with a window of single size.



Ensemble of classifiers: Many recent techniques use multiple classifiers for
solving problems in non-stationary environments. SEA [29] is the first ensemble of
classifiers has been proposed for learning problems in non-stationary environments to
each consecutive time window of training set. Learn++.NSE [3] can learn in these
situations and can provide well-modeled knowledge of a good balance in both stability
and plasticity. In addition, it still does not discard any of the classifiers which may
contain relevant information for learning a new classifier in the future. They are
composed of several classifiers which are combined to gain the final hypothesis.

However, it seems that this solution consumes large time and space complexities.

Basically, the incremental learning algorithms not only append the training data
when the learned data are fed into the network sequentially, but also can adjust the
network during the learning process without storing all the previous data. The following
actions are carried out [30]:

(1) Aggregating the new data into the existing knowledge without storing all the
previous data.

(2) Retaining all previous knowledge.

Many researchers have proposed several techniques to maintain the above-mentioned
criterion and to increase their performance. Although many incremental learning
algorithms, such as VEBF [4], ASC [8], IPCA [7], ILDA [16], IMORL [17], the learn++ family
of algorithms (e.g., learn++.NC [31], learn++.MF [32], and learn++.NSE [3]) in non-
stationary environments were proposed, they still do not deal with the problem of
data that expires over the time. The VEBF algorithm is interesting among all
incremental learning algorithms, because it can learn by using only incoming datum
and consumes less space and time complexities. However, the VEBF algorithm cannot
be applied is situations where the class labels are changed over time or the data are

expired in the testing process.



2.1 VEBF learning algorithm

This section provides some backgrounds related to the studied problem and
proposed algorithm. The proposed algorithm adapted some partial concept of one-
pass-throw-away to create hidden neurons in the learning process. The summary of
one-pass-throw-away learning and VEBF learning algorithm in [4] is the following.

The concept of VEBF learning algorithm is based on the operation of capturing
one incoming datum at a time. If the incoming datum does fall into the inside of any
VEBF neuron, then no new VEBF neuron is introduced to capture this datum.
Otherwise, a new small VEBF neuron is introduced into the network to capture this
datum. Furthermore, if there are many VEBF neurons capturing data of the same class
and locating close to each other, then these VEBF neurons are grouped and replaced
by a larger VEBF neuron. Once a datum is captured, it is completely discarded from
the training process. The brief VEBF training algorithm is given in Algorithm 1 and the
summary of VEBF algorithm can be described by steps of flowchart as shown in

Figure 2.1.

Algorithm 1: VEBF Learning Algorithm
1. Let A, be the initial width vector.
2. Present the training datum X;.

3. If there exists the hidden neurons then

a. Find a closest hidden neuron labeled with the same class as the class of X;
5. Let C, be the center vector of the closest VEBF neuron Q, found in Step 4.
6. Update the center vector C, by including X;.

7. If X; lies inside €, then

8. Update parameters of €, based on the direction of data distribution.

9. Else

10. Introduce a new neuron.

11.  EndIf

12. Else

13. Introduce a new neuron.
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14. EndIf

15. If there exists any two close neurons of the same class then

16.  Merge the two neurons into one new neuron using Equations (5) — (9).
17. EndIf

18. Go to step 2 until the training set is empty.

Initialize width vector

l

Present datum x
Introduce a new

neuron

There exists x Lies Y Update
hidden inside parameters
neurons HarenK
Introduce a new Two close Merge two

neurons

neuron neurons the

same class

A 4

Figure 2.1 The summary of VEBF learning algorithm.

The output of the k™ neuron with respect to an input x is computed from a
rotated elliptic function shown in Equation (1).
¢ (x-C,) u,)?
\yk(x):zm_i (1)
i=1

2
O;

where C, is the center vector of ellipse, U, is the i eigenvector of data covariance

matrix distribution, and O'iz is the variance or eigenvalue of U .

For any hidden neuron Q, , the relevant parameters which are the new center,
new covariance matrix, and new variance must be computed. Since all trained data
are discarded and only the new incoming datum is used for adjusting these parameters,
therefore the computation of these parameters must be written in forms of recursive

functions. The following attributes are defined and involved in the adjusting process.
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C, is the center of Q,. S, is the covariance matrix of data captured by Q,. N, is
the number of data captured by Q, . A, is the width vector of €, . |, is the class label
of Q. Suppose a new datum Xy ,; arrives and falls inside the boundary of Q, . The
value of ¥, (X) must be less or equal to 0.

The new center C™ of Q, can be computed from the old center by C®?

the following recursive function.

N X+
Clrew = ko) 4 "Nt (2)
N, +1 N, +1

The new covariance matrix S of Q, can be formed by the following

recursive computation with the old covariance matrix S as follows.

T (old) /~(old)\T
glnew) _ N, S(old)+XNk+lXNk+1_Ck c)

“ N, +1 ° N, +1 N, +1 (3)
C(knew) (C(knew))T + C(kold) (C(kold))T

The total data captured by Q, becomes N, +1. The new variance ™" of each
eigenvector U, can be easily computed from the old variance O'i(OId) by the following

equation.

O._(new) — (Ti(OId) _'_‘(C(knew) _C(kold))T ui" 1<i<d (@)

Suppose any two hidden neurons €2, and Q, are merged into one new hidden
neuron Q. Let Q_ = (CP" S N_ A |I.) and Q, =(C°", S N,,A,l) betwo
hidden neurons. After merging, the new attributes can be computed by the following

equations.

1
C(new) — N C(Old) + N C(Old) (5)
c Na n Nb ( a~“a b™~b )
S((:new) — Na S;old)+ Nb Sf)OId)+
N, +N, N, +N,

(N:\lj_N,\;)b)z (Cgold) _ Céold) )(C;old) _ Céold) )T
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N, =N, +N, (7)
o™ = [2z[A], i=12,...d (®)
d =d, =d, (9)

J; is the i eigenvalue of the new covariance matrix S{™". After merging, Q, and

Q, are removed from the network.

2.2 Merging LDA operation

A concept of LDA is mapping the projection matrix @ in order to maximize

class separability of the data set. The projection matrix @ is maximized as follows:

\cDT Bcp\

m (10)

®" = argmax
[}

where B is the between-class scatter matrix and W is the within-class scatter matrix.

Those are given by

B=) B, =Y N/(C,-C)C,-C) (11)
k=1 k=1
W=>'S, (12)
k=1

C., Sy, N, are the center vector, the covariance matrix, and the number of data of
class k, respectively and C is the center vector of the data set.
The projection matrix @~ that is a d xd matrix whose columns correspond to

the discriminant eigenvectors obtained by solving the following eigenvalue problem:
DO =d'A (13)

where D=W™B and A is an eigenvalue matrix.
In the LDA merging operation discussed by [15], the models €2, and Q, can
be denoted as the following 3-tuples:
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Q, =({S.H{C. 1N} (14)
Q, =[{Sp}{C, AN} (15)

where S and S, are the class covariance matrices, C, and C, are the class center
vectors, and N, and N, are the number of data captured by the model Q, and Q,
, respectively. Suppose there are m classes of N©Y data vectors and all-instances
center vector C®? in the data set. Then, incremental LDA updates the all-instances

center vector C™ | the within-class scatter matrix W™ and between-class scatter

matrix B™ given by the following.
Np
Cnew) :(N(old)C(old)+Zzi)/(N(old)+Nb), (16)
B(new) — Z Nc (anew) _ C(new))(CEnew) _C(new))T , 17)
W = 350 for ¢ =1,2,...m (18)

new) . new) . . .
where CE is the new center vector and S£ ) is the new covariance matrix of class

¢ given by using Equations (5) and (6), respectively.



CHAPTER IlI
PROPOSED METHOD

This study concerns two types of classes. The first type is the class of all expired
data. The second type is the classes of non-expired data. To distinguish these two
classes in this discussion, the class of first type is called expiration class and any class
of the second type is called live class. When a datum in expiration class, it is treated
as a datum in class 0. This datum must be learned by a sub-network of class 0.
However, if all data in class | are expired, the sub-network of class I must be entirely
removed from the learning system. This situation is obviously different from the
scenario studied in [4] and the others' previously mentioned. Those studies concerned
only the condition of increasing new data which imply that the network is expanded
throughout the training period. But in the studied case, the structure of network can
be expanded or shrunk according to the temporal status of the incoming data. Another
different issue from the others' studies is the problem of how to reconcile the
indeterminate situation as previously discussed and the expansion of expired data.
Regardless of the class, any expired data must be included in class 0. This implies that
if all data are expired and the structure of sub-network for handling expired data is not
appropriately designed, then the space complexity of the structure will be very high.
The difficulty of my scenario is the arbitrary class change of data. There are two
important scenarios to be considered.

The first scenario concerns the arbitrary class change to any other live classes.
Datum X; may change its classes several times throughout its lifetime but its features
never change. This implies that the location of datum X; is fixed in the features space.
When there is a class change, datum X; must be covered by function ¥, (X;) of the
most recent class. In response to the class query of datum X,, the most recent class
of X; must be tested first. The problem is how to keep track of these temporal class
changes. Figure 3.1 shows an example of class change. At the beginning, X, is in class
1 and, later on, its class changes to classes 2, 3, and 1, respectively. Hence, the most

recent class is class 1 and the function W, (X;)of class 1 must be examined first if
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there is class query of X,. Furthermore, datum X, must be deleted from those
previous classes 2 and 3. The members in each live class can vary according to the

class change of each datum.

time line
A
temporal class change

@ class 1

|
® class 3

|
® class 2

p dags 1 —— start

location of x;

Figure 3.1 An example of temporal class change.

The second scenario is when datum X; is expired and moved to class O.
Obviously, class 0 will be the permanent class of X; after its expiration. Any class query
concerning datum X; after its expiration must receive the answer that X; is in class 0.
Furthermore, the number of members in class 0 keeps increasing. This implies that the
class query of any datum X; must be checked with the data in class O first. If X; is
not in class 0, then the existence of X; in other classes will be checked next. Notice
that the sub-network representing Class 0 must be retained throughout the training
and testing periods due to the permanent class changes of all data in this class.

To resolve those discussed problems, the following issues will be concentrated
in my proposed method. The first issue is created with the structure of the network of

the non-expired and expired data. The structure must be expandable and shrinkable



16

according to the situations. The second issue is the representation of expired data and
deterministic testing method. Each issue is detailed in the following sections.

Figure 3.2 shows diagram of the overview of learning process consisting of
proposed width vector initialization algorithm, algorithms for learning non-expired data,
expired data, and class-changed data using VEBF and Hybrid LDA-PCA algorithms. To
improve the performance of learning algorithm, VEBF algorithm has been applied to
find axes with maximum variance whereas Hybrid LDA-PCA algorithm will be applied
to seek the axes of the neuron for best class separability. In terms of non-deterministic
situation that data are expired or changed classes, the updated parameters consisting
of center vector and covariance matrix can be computed by using theorems 1 and 2.
Furthermore, the updated parameters consisting of between-class scatter matrix and
within-class scatter matrix can be computed by using proposition 1. To limit space
complexity of increasing the expired data, a special structure of class 0 provided for

storing all expired data in order to update vectors U and A using theorems 3 and 4 is

proposed.
’ Theorems 3, 4 ‘
l
Special structure of class 0 >_..
‘ UpdateU, A
[Explred data )
width vector | [Class-changed data | Update
initialization » parameters
[Non-explred data t
- Theorems 1, 2
/ Leam",'g\ and Proposition 1
VEBF algorithm | Hybrid LDA-PCA
algorithm

Figure 3.2 Overview of learning process.
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3.1 Proposed width vector initialization algorithm

The initial width of a VEBF is very important to the learning speed and outcome
accuracy. If it is too large, the VEBF may cover some data from the other classes. But
if it is too small, it must be temporally adjusted to cover the new incoming data, which
obviously increases the unnecessary computational time. As mentioned before, one
of the limitations of VEBF algorithm is to find the appropriate initial width 0\, computed
by the following equation.

o,=6D,,;1<k<d (19)
where
1 N N
D,, :—zZZHXi —xjH (20)
N i=1l j=1

As shown in Equation (19), the initial value of 0} can be computed from the
Euclidean distances among data points in a training set. The constant ¢ is used to
adjust the value of Dav to make O, close to its actual value which is unknown.
Different training sets require different ¢ values. To avoid this difficulty of determining
the value of &, the following steps were proposed to compute the initial 0y for
1<k <d . No concept of using a constant § to adjust D,, is deployed in my algorithm.
The initial width should be derived from the density of distances among all pairs of

training data as follows.

Algorithm 2: Initializing Width of VEBF
Input: Training set X ={X,,..., X }.
Output: Initial values of oy,...,0.

1. For each X;,X; e Xand i# ] do
2. Compute D, ; :Hxi —xjH.

3. EndFor

4. Let | be a number of intervals.
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maxi,j(Di,j)_mini,j(Di,j)
I
6. Let B={b,,...,b,} be a set of bins for storing D, ;.

5. Compute y = be the value of instance.

7. Let g=min; ;(D;;).
8. For Vi, j; D;; do

9. Put Di,j in bin B, where kzeri,j_q—‘_'_l'

e
10. EndFor
11. If k has maximum number of Di'j , then
12.  Setinital o, =0, =...= o, :q+k_]_+g_

13. EndIf

3.2 Updating center vector, covariance matrix, and scatter matrices

Unlike the scenario in [4], some data in any VEBF of every class except class 0
in my study can be removed due to their expiration or added when they are new
incoming data. This implies that the structure of a VEBF must be expandable and
shrinkable. Furthermore, the center vector and covariance matrix must be re-
computed. When adding a new datum, the recursive functions for re-computing the
center and covariance of any VEBF were already given in [4] and the within-class and
between-class scatter matrices of LDA concept were discussed in [5] as well. But when
removing a datum or a chunk of data from a network, the recursive functions for re-
computing the center vector and covariance matrix have not been discussed before.
Moreover, the within-class and between-class scatter matrices can be also computed

in the recursive functions. The details of these recursive functions are the following.

Theorem 1. For £2, of any non-expiration class, let X in R® be a set of current
N data vectors. Suppose C(kOId) is the center vector of set X and Sﬁom) is the

covariance matrix. If X; € Q, is expired and moved to class 0, then

N Cﬁo'd)— Xj (21)

C(knew) —
N -1 N -1
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and

new N (o] 1 new new
S = g Sy (PO X, )(CI ) 22)

Proof The center vectors Cﬁnew) and C(k°'d) are

C(new) :L iX-—X<
k N -1 = i j

__N cod) _ X (23)
N 1 : N -1
C(kOId) = ZX and N >1. (24)

i=1
. . Id
The covariance matrices S(new) and S(O )

Sﬁold) _ quxu C(old)(CoId)) (25)
i=1
T

(new) Z J' C(new) (C(HEW)) (26)

=1

Subtracting Equation (26) by (25), we have

(new) (old) : XTj (new) (new)\T 1 . T (old) old \T
Sk S Z l_Ck (Ck ) __inxi -C (Ck )
=1
13 X N
- C(old) C(old) ] C(new) C(new) + C(old) C(old) T
—{Nzl ( )}Nl (€™ +—CP(CP)
1 XX
_ S(old)_ 177 C(new) C(new) +— C(old) C(old) (27)
No1* N_1 C™) N c)
Therefore,
1 X X! N
S(new) _S(old)+ S(old)_ 177 _C(new) C(new) T + C(old) Cold T
k N —1 k N -1 k ( k ) N -1 k ( k )
- S (O 4 x, ) (G -x, ) (28)

When a chunk of data is expired and moved to class 0, the recursive functions

for computing the center vector and covariance matrix of €2, are summarized in the

following theorem.
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Theorem 2. For QQ, of any non-expiration class, let X in RY be a set of data chunks.
Set X has N data points. Assume that a chunk of data Ze X whose |Z|=L is
expired and moved to class 0. Let C® be the center vector of set X; S be the
covariance matrix of X; Cﬁz) be the center vector of set Z; and Sﬁz) be the
covariance matrix of Z. The new center C™ and new covariance matrix SI"™" of

set X—Z can be computed as follows.

Cﬁnew) _ N N - (Nc(kx) _ LC&Z)) (29)
and
S(knew) — N Sf(X) _ I— Sf(Z) _
N-L N-L (30)
NL (X) @)y () @)\T
W(Ck _Ck )(Ck _Ck )
Proof Let
¥ 1<
C==>x (31)
N =
and
(2) 1<
Ci =EZX.. (32)
=

From Theorem 1, the new center vector can be written as

Clrew) _ N C(kold)_ X; (33)

K N —1 N -1

Similarly, the new center vector of a chunk of training samples is easily obtained as

follows:

new 1
clnew) =m(NC(kX) -LC¥) (34)

For the covariance matrix, let
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1 N
S =NZXiX?—CﬁX)(C£X))T (35)
i=1
(2) _ 1 T (2) (~(2DNT
S{ —EZXIX, ~-CcP(Cc#) (36)
1=1
Hence,

new 1 . N new new
s >:m(zxix:_zx,xrj_q (o
- i=1 1=1

NS ey L8 )
1

(N —L)>?

N g L gm N

N-L“ N-L “ (N-L)?
NL NL

:_N S0 _ L S(Z)_L

N-L k N—L k (N—L)2

(N7 () + LS () ~NLCX(C) ~NLCP(C)')

NL
(N-L)*

C£X) (C(kX) )T _ CﬁZ) (C(kZ))T +

C(kx) (Cﬁz) )T + C(kZ) (C(kx) )T

(G0 -CE)CE -C) (37

Proposition 1. For Q,, the following attributes {C,,S,,N,, AL} of any non-
expiration class, let X in R® be a set of data chunks of any class k and C is the all-
instance center vector. There are m classes of the data set. Assume that a chunk of
data Z e X whose |Z|=L is expired and moved to class 0. The between-class and

within-class scatter matrices can be updated by analogy to LDA merging, as follows:

B™ =3 (N, —L)(C{™ -C"™)(C™ —C™)" (38)
k=1
W(new) — Zs(knew) (39)
k=1

new)

where C™" is new all-instance center vector, and C™ and S"™" are the new center

vector and covariance matrix in class k computed by using Theorems 1 and 2.
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3.3 Special structure of class 0

The network must be able to identify a testing datum whether it is expired or
it belongs to any class 1>0, regardless of its temporal aspect. This implies that there
must be a special structure to keep track of these expired data throughout the
operational period of the network. However it is obvious that the process of keeping
track of these data may increase the space complexity of the structure because all
expired data must be captured. In this study, | limited the space complexity of this
special structure to @(d xL), where d is the number of dimensions and L is the
amount of new incoming data. The problem is how to limit this space complexity so
that it has a minimum effect on the classification accuracy of the network. To resolve
this problem, two relevant issues were considered.

The first issue concerns the representation of all expired data in terms of a
column vector u in R such that for any expired datum X;, UTXi =0.The value 0 is
the class number. At the beginning, the value of u is computed from the first incoming
chunk of data Z represented in forms of a matrix V[LL] =[X,,...,X_]. The size of V[LL]
is equal to dxL. Without loss of generality of class number, the value of u is

computed by this simple equations
T —ryd.
UV, =t (40)
ut =tV (41)

Vector t is the column vector representing class numbers or targets of all incoming
data and V[IL] is the pseudoinverse matrix of V[l,L]' The process of pseudoinverse matrix
is employed in this computation because it is possible that the amount of incoming
data may not be equal to the number of dimensions, i.e., L#d . Since u is computed
from Vj;, therefore UTV[LL] ~t'. To make uTV[lVL] equal to t', a vector A is

computed by the following equation and added to u.

AT =t"-u"V, (42)



23

The second issue focuses on how to recursively compute the values of U, V[IL],
and A with respect to only those new incoming data. In my approach, all learned data
are thrown away. This makes the typical pseudoinverse process of Vi impossible. The
concept proposed by Greville [33], Tapson and Van Schaik [34], Udwadia and Kalaba
[35], and Predrag, Marko, Igor, Sladjana [36] were applied to formulate the recursive
computations for U, V[IL], and A. The following notations are defined in order to

formulate the recursive computations:
u(i) :the values of U at time .

A(i)  :the values of A attime I.

t;;; :column vector t containing the i to the j™ elements.
V[i’j] : sub-matrix of V[LL] consisting of a set of column vectors from columns
Ito j.

Matrix Vj,; is decomposed into two sub-matrices, i.e., Vi =V Vipayl and ty;
is also separated into two sub-column vectors denoted as t[TLL] =[t[T1'p] t[TML]]. We
assume that data from X; to X, are the first chunk of incoming data and the rest X,

to X_ are new currently incoming data. From the results in [35, 36], | have

+ T
Vo= V[l,p](l _V[p+1,L]R )
SORNIN
V[I p]_QRT
= ’ (43)
RT

Matrices Q and R are computed as follows.
Q = ViuuVipay (44)

R = (Vi)' Q(1+Q'Q)" (45)

The value of u(i) and A(i) can be recursively formulated as stated in the following

Theorems.
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Theorem 3. Given t[ ., RT:(((V[IN)TQ)(I+QTQ)) Q= Vi Vi

u'(i-1), and Vipay,  then  vector u' (i) is  equal to
u (i-)-u' (i-DV,,.. R+t R
Proof Let

u' (i) = tE—l,L]\/[Jlr,L]
+ T
_ tT tT 1p](| [p+1L]R )
_[ [Lp] “[p+lL] RT

+ + T
oo Vi ~ o Vi VieauR +auR

=u (I 1) u (I 1) [p+1L] +t[p+1L]RT (46)

Theorem 4. Given t/,,,;, R' =(((V[1p])T Q)(' +QTQ) ) Q= Vi Vipau

U (i-1), V0> and Vi1, then vector AT(i) is equal to
[AT (=D + U (-DVip ~ )R Vi) by —U OVipay]-
Proof Let

AT (i) = t[T1,|_] -u’ (i)\/[l,L]
= [thy  Gouul-[U (Ve U O)Vpayl

= [[1p] u (') [L p] t[p+1L] u (') p+1,L]]

T

[[lp] (U (I 1)_UT(I ) [p+1L] [p+1L]RT) [1,p]

[p+1 L] —u (I) p+1,L]]

= [AT(I 1)+(U (I 1) [p+1,L] — [p+l,L])RT(V[I,p])+
oy —U (V]

(a7)
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3.4 Hybrid LDA-PCA algorithm

To enhance the incremental learning algorithm, the new one-pass-throw-away
learning algorithm based on LDA and PCA hybridization [5] can be used to compute
the directions of the hyperellipsoid in the network by combining the orthonormal basis
of the PCA discussed in [4] and the scatter matrices of the LDA. A detail of the algorithm
is described in Hybrid LDA-PCA learning algorithm.

Algorithm 3: Hybrid LDA-PCA Algorithm
Inputs: Chunk of non-expired data Z.
Output: Set of Q, .

1. Initialize the width vector A, based on Algorithm 2.

2. Foreach x,€Z do

3. If there exists the hidden neurons then

4 Find a closest hidden neuron labeling the same class of datum X;

measured by:
t= arg{nin(”xi N
where C, is the center vector of the h" neuron.
5. Compute the new center vector C, and the new covariance matrix

S, based on Equations (5) and (6), respectively.

6. If 3Y¥,(x,) <0 then

7. Compute the within-class scatter matrix W.

8. If W is a non-singular matrix then

9. Compute the eigenvectors and the eigenvalues by using
Equation (13) based on the LDA concept.

10. Else

11. Compute the eigenvectors and the eigenvalues by
using the orthonormal basis of VEBF algorithm.

12. EndIf

13. EndIf

14. Else
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15. Create a new neuron.
16. EndIf
17. EndFor

3.5 Dynamical structure of proposed network for learning the expiration and

live classes

Since obtaining the correct class of any datum concerns the most recent class
change of datum, a new structure was proposed to handle this complexity in this
research. The structure consists of two strata as shown in Figure 3.3. Assume that there
are four classes which are 0, 1, 2, and 3. Without loss of generality, | assume that the
network of each class 1 has only one output denoted by Y;. The upper stratum is for
class 0. A 3-layer feed-forward network is employed to learn all data in this class. The
lower stratum is for all live classes. All classes in the lower layer is learned by a 3-layer
network. The hidden layer of this network consists of several groups of neurons, i.e.

one group for one class.

stratumofclass 0 __

(upper stratum) N e

class-2 neurons -~~~

class-3 neurons -~ A

stratum of other classes //

(lower stratum)

Figure 3.3 The proposed stratous structure for handing live and expired class changes.

The upper stratum is for expired class and the lower stratum is for all live classes.
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Figure 3.4 shows the concept of how the proposed structure is evolved during
the learning process of streaming data. The output neuron of class 1 is denoted by
Y. Suppose during the first period all incoming data are in class 1 and they are learned
by hidden neurons in class-1 group as shown in Figure 3.4(a). Then the data in class 2
flow in during the next period. All class-2 data are learned by the hidden neurons in
class-2 group as shown in Figure 3.4(b). If some already learned data in class 2 are
expired, these expired data will be assigned to class 0 in upper stratum as shown in
Figure 3.4(c). Next all data in class 2 are expired and there are some new incoming
class-3 data. This causes the entire structure of class 2 to be removed and all expired
data are moved to class 0 in the upper stratum whilst the hidden neurons in class-3
group are created as shown in Figure 3.4(d). After that if some expired data are revived
to class 2, then the sub-structure of class 2 will be recreated in lower stratum again as
shown in Figure 3.4(e). Subsequently, other some expired data are changed to new

class 4, the sub-structure of class 4 will be created as shown in Figure 3.4(f).

sub-structure of

h Y1
=~
sub-structure of sub-structure of
class 1 class 1

(@) (b)
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Figure 3.4 The dynamical structure of proposed network. (a) Suppose at the beginning

all incoming data are in class 1 and learned by the sub-structure of class 1. (b) Some

additional new incoming data in class 2 are learned by the sub-structure of class 2. (c)

Some data in class 2 are expired and learned by sub-structure of class 0 in upper

stratum. (d) All data in class 2 are expired and there are some new incoming data of

class 3 learned by the sub-structure of class 3. The sub-structure of class 2 is entirely

removed and the expired data of class 2 are moved to class 0 in the upper stratum.

(e) Some expired data in class 0 are revived and recreated the sub-structure of class 2

in lower stratum. (f) Other expired data in class 0 are changed to new class 4 learned

by the sub-structure of class 4 in the lower stratum.
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3.6 Dynamical structure of proposed network for learning with special structure

of class 0

The structure for class 0 is different from the other classes. The difference is
the sub-structure for handling class 0. Figure 3.5 shows the concept of proposed
structure. The output neuron of class | is denoted by y,. Suppose during the first
period all incoming data are in class 1 and they are learned by hidden neurons in
class-1 group as shown in Figure 3.5(a). Then the data in class 2 flow in during the next
period. All class-2 data are learned by the hidden neurons in class-2 group as shown
in Figure 3.5(b). If some already learned data in class 2 are expired, then these expired
data are assigned to class 0 as shown in Figure 3.5(c). To distinguish class-0 structure
from the other class structures, a square is used to denote the special structure of
class 0. Next we assume that all data in class 2 are expired and there are some new
incoming data of class 3. This causes the entire structure of class 2 to be removed and
all expired data are moved to class 0 as shown in Figure 3.5(d). Note that the size of
class 0 keeps increasing. Furthermore, the sub-structure of class 3 is created to learn

the new incoming data.

sub-structure of

i G Y N Wi
o \//,// N/ N,
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special structure of all data in class 2 are expired special structure of
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T
“ ‘ > Yo ) > Yo
Ti1 Z;1 )f 5 , 7»
sub-structure of \>\ O
Ti,2 Ti,2 SN -
St ’~._ special structure of
) | “class 3
0 Y2
2 ,_/-—/'O 3 sub-structure of
i class 2 are totally removed
\ ‘/ Nk
N\ T, > Y1
Ha ¥
\

T;id . Ti,d R

sub-structure of sub-structure of

class 1 class 1

(@) (d)

Figure 3.5 The dynamical structure of proposed network with special structure of

class 0

3.7 Proposed learning and testing algorithms with special structure of class 0

To keep track of increasing expired data, the special structure of class 0 was
proposed for storing all expired data. From the key idea of the proposed network
mentioned, my proposed algorithm named Hybridization Multi-Stratum Network
Learning (Hybrid-MSNL) is composed of the following three main steps.

The first step is to learn all data of different classes in the first incoming chunk
by using the concept of Hybrid LDA-PCA algorithm. After learning, there exists a set of
neurons with relevant parameters as discussed in this Section. We assume that there
is no expired data in the first chunk of incoming data. Each incoming datum X; is
tagged with its class. Those already learned data are discarded from the learning
process forever.

The second step is to learn other temporally incoming data chunks. Some data
may be in class 0 or in any class i#0. Those data whose class i#0 are learned by
the same algorithm as those data in the first data chunk. Some new neurons in different
classes may be introduced to the network to learn these non-expired data. But for
those expired data, all previously learned neurons from these data which are not
formerly expired are considered. The number of data in these considered neurons is

decreased. After decreasing, if the number of data in any one of these neurons is equal
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to zero, then the neuron and its links are entirely removed from the network. For any
neuronQ,, its parameters (CP, SV N_ A ,l.) are updated afterwards. The
parameters t; ,, ;, RT,u(i-1), A"(i-1), and V,,,,; of special structure of class 0
are updated as well. This step is continued until there is no more incoming data. The
details of steps 1 and 2 are described in Algorithm 4.

The third step is to predict the class of any testing datum X, denoted as
class(x;) by using the facts in Theorems 3 and 4 for those expired data and the
following condition for non-expired data. Let s, be a set of neurons with class label
[, .

class(x;) = aEg min (¥, (x;) | @, €s,) (48)
where W, (X;) according to Equation (1) is the output of hidden neuron Q, and |, is

the class label of W, (.). Algorithm 5 shows the detail of this predicting process.

Algorithm 4: Hybridization Multi-Stratum Network Learning (Hybrid-MSNL)

Input: Chunks of data.

Output: Set of @, u’,and A".

1. Get the first data chunk and learn these data by using Hybrid LDA-PCA algorithm.
Discard all data after learning.

2. Get the second data chunk and separate the data into expired data set E and
non-expired data set Z.

3. Learn data set Z by using Hybrid LDA-PCA algorithm and applying Theorems 1 and

2 to adjust all parameters of each Q, .

4. Let count, be the number of data learned by €, obtained from steps 1 and 3.
5. Let P be the amount of expired data in E.

6. Form V,,; and compute V; ;, u' (1), and A" (1).

7. Foreach X; eE do

8. If 3¥,(X;)<0 then

9. Set count, =count, —1.

10. If count, is equal to 0 then

11. Remove Q, and its links from the network.
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12. Endif

13. EndIf

14. EndFor

15. Discard sets E, Z, and all learned data.

16. Let 1 =1 denote the time step.

17. While there exists a new incoming data chunk do

18.  Set i=i+l.

19. Separate the data into expired data set E and non-expired data set Z .

20. Learn data set Z by using Hybrid LDA-PCA algorithm and applying Theorems

21.
22.

23.
24.
25.

1 and 2 to recursively adjust all parameters of each €2, .

For each newly created €2, do
Let count, be the number of data leared by each €2, obtained
from step 20.

EndFor

Let L be the amount of expired data in E .

u' (i), and A' (i) by using Theorems

Form V[LL] and recursively compute V[I’L],

3 and 4 with u' (i-1), and AT (i—-1).

26. For each x; €E do

27. If 3%, (x;) <0 then

28. count, =count, —1.

29. If count, is equal to 0 then

30. Remove €2, and its links from the network.
31. EndIf

32. EndIf

33. EndFor

34. Discard sets E , Z | and learned data.
35. EndWhile
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Algorithm 5: Predicting Class of Testing Datum
Input: A testing datum X;, u', A", and all €2, .
Output: Predicted class(X;).

1. If uTXj +A" is equal to 0 then

2 Set class(x;)=0.

3. Else

4. Let S, be a set of neurons.

5 Set class(x;) = arg min (¥, (x;) | Q, €s,).

6. Endif

3.8 Example of hybridization multi-stratum learning process

To illustrate how Hybrid-MSNL works, Figure 3.6 shows an example of the
snapshot of events when some data are expired and some are new incoming. Suppose
there are two neurons of classes C1 and C2 in the forms of two versatile elliptic
functions. At the beginning shown in Figure 3.6(a), there are ten data denoted by ten
“+” symbols in class C1 and four data denoted by four “*” symbols in class C2.
After that, two data in class C1 are expired. This causes the neuron in class Cl to
shrink its size and the expired data are removed to class 0 as shown in Figure 3.6(b) -
(€). In Figure 3.6(d), there are more new incoming data, i.e., three of class C1 and six
of class C2. Those data of class C2 lie outside the versatile elliptic function but those
of Cl lie inside the versatile elliptic function. Therefore only the versatile elliptic
function of C1 must be expanded to cover the new incoming data. For the last event
shown in Figure 3.6(e), three data in C1 are expired but none is expired in C2. To

reduce the possible prediction error, the size of versatile elliptic function of C1, the

expired data are moved to class 0 as shown in Figure 3.6(f).
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Figure 3.6 An example of how Hybrid-MSNL works. Assume that there two neurons of
classes C1 and C2 in forms of versatile elliptic functions. (a) The beginning situation.
There are ten data in C1 and four data in C2. (b) Two expired data in C1 but none in
C2. The versatile elliptic function of C1 is shrunk. (c) The versatile elliptic function of
C1 after being shrunk. (d) Expanding the versatile elliptic function of C1 to cover three
new incoming data. (e) Three more new expired data of Cl. The versatile elliptic

function of C1 is shrunk. (f) The final situation.
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3.9 Proposed learning and testing algorithms in case of expiration and live

classes

Since any data can be temporally expired, therefore it is possible that any
neuron and its links can be entirely removed from the network when all data learned
by the neuron are expired. From this observation, my proposed algorithm named
Multi-Stratum Network Learning (MSNL) is composed of the following three main
steps.

The first step is to learn all data of different classes in the first incoming chunk
by using the concept of VEBF algorithm. After learning, there exists a set of neurons
with relevant parameters as discussed in previous Section. We assume that there is no
expired data in the first chunk of incoming data. Each incoming datum X, is tageed
with its class. Those already learned data are discarded from the learning process
forever.

The second step is to learn other temporally incoming data chunks. Some data
may be in class 0 or in any class i#0. Those data whose class i =0 are learned by
the same algorithm as those data in the first data chunk. Some new neurons in different
classes may be introduced to the network defined in its lower stratum to learn these
non-expired data. But for those expired data, all previously learned neurons from these
data which are not formerly expired are considered. The number of data in these
considered neurons is decreased. After decreasing, if the number of data in any one
of these neurons is equal to zero, then the neuron and its links are entirely removed

from the network. For any neuron €, its parameters (C®”, S N_,A 1) are

a’
updated afterwards. Since each datum X; can have different class changes during its
lifetime, thus achieving the correct response of class query for X, requires a time
tracking process of the neuron used to learn X;. To distinguish the neurons in the
upper and lower strata, notations ng) and QE,Up)denote neuron a in the lower
stratum and b in the upper stratum, respectively. Let @, be the time stamp of neuron

|
ng) when it learns X;.

|
The value of learning time @, of the neuron ng) in lower stratum can be

computed as the following equation.
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(old) (new)
DmeW _ gleld) NV +(A-g)Ng (49)
a - %a N (old) N (new)
a + Ny

where 0< g <0.5. The structure of class 0 are updated in upper level as well. This
step is continued until there is no more incoming data. The details of steps 1 and 2
are described in Algorithm 6.

The third step is to predict the class of any testing datum X, denoted as

class(x;) by using the following condition. Let Sy, be a set of neurons in lower level

with class label h.

class(x;) = arg max(a, |Q” es, and P! (x,) <0) (50)
h

or

class(x;) =argmin (¥{”(x,) | * es,) (51)
h

where ‘P(k'o) (x;) according to Equation (1) is the output of hidden neuron Q(klo) in lower

stratum. Algorithm 7 shows the detail of this predicting process.

Algorithm 6: Multi-Stratum Network Learning (MSNL)

Input: Chunks of data.

Output: Sets of QSO), Q(kUp), and @, .

1. Get the first N©®® data chunk and learn these data by using VEBF algorithm. Discard

all data after learning.

) be the number of data learned by each neuron in any stratum.

2. Let Né

3. Set initial time stamp @, =0 for each neuron k.

4. Get the second data chunk and separate the data into expired data set E and
non-expired data set Z .

5. Learn data set Z by using VEBF algorithm and adjust all parameters of each Q(klo)
by applying Theorems 1 and 2.

6. Learn data set E by using VEBF algorithm and adjust all parameters of each QﬁUp)

used by applying Theorems 1 and 2.

new

7. Let NIE ) be the number of data learned by each neuron K in any stratum.
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16.
17.
18.
19.

20.

21.

22.
23.
24,
25.

26.

27.

28.

29.

30.
31.
32.
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Update each @, of each neuron K in lower stratum by using N,fmd) and N,Enew)
with Equation (49).

old

Reset N,f o N,f”ew) for each neuron K.

QI
For each neuron 24, ° in the lower stratum do
lo
If N of neuron Q(k : is equal to 0 then

Remove QSO) and its links from the network in the lower stratum.
EndIf
EndFor
Discard sets E , Z , and all learned data.
While there exists a new incoming data chunk do
Separate the data into expired data set E and non-expired data set Z .
Learn data set Z by using VEBF algorithm.

For any datum X; € Z and ¥{"(x,)<0 do
If X; is learned by neuron QﬁUp) then

Remove X; from Qﬁup) and adjust all parameters of Qf(Up)
by using Theorems 1 and 2.
EndIf
EndFor

") be the number of data learned by each neuron K in any stratum.

Let NIE
Update each @, of each neuron K in lower stratum by using Néom) and N,fnew)
with Equation (49).

old

Reset N"= N for each neuron k.

For each neuron Qﬁum in the upper stratum do
If N of neuron Q(kUp) is equal to 0 then

Remove QSO) and its links from the network in
the upper stratum.
EndIf
EndFor

Learn data set E by using VEBF algorithm in upper stratum and
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adjust all parameters of Qﬁup) used by applying Theorems 1 and 2.

(lo) .
33, For each neuron Qk in the lower stratum do
|
34. If N of neuron Q(ko) is equal to 0 then
O o .
35. Remove 22, * and its links from the network in

the lower stratum.
36. EndIf
37. EndFor
38. Discard sets E , Z , and learned data.
39. EndWhile

Algorithm 7: Predicting Class of Testing Datum
Input: A testing datum X, all of Q(klo) and Q(k“p), and O, .
Output: Predicted class(x;).
1. If Y™ (x,)<0 then
Set class(x;)=0.

2.

3. Elself ¥ <0 then

a4 Let Sy, be a set of neurons in lower stratum such that ‘P(klo) <0.
5

Set class(x;) =arg max(a, |Q{” es, and ¥ (x,)<0).
h

6. Else

7. Let S, be a set of neurons in lower stratum.
8. Set class(x,) = arg min (W (x) | QF es,).
9. Endif

3.10 Example of multi-stratum learning process

To illustrate how MSNL works, Figure 3.7 shows an example of the snapshot of
events when some data are expired and some are new incoming. Suppose there are
two neurons of classes C1 and C2 in forms of two versatile elliptic functions. At the
beginning shown in Figure 3.7(a), there are ten data denoted by ten stars in class Cl

and four data denoted by four thick dots in class C2. After that, two data in class C1
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are expired. This causes the neuron in class Cl to shrink its size and the expired data
are removed to class 0 as shown in Figure 3.7(b). In Figure 3.7(c), there are more new
incoming data, i.e., three of class Cl and four of class C2. Those data of class C2 lie
outside the versatile elliptic function but those of Cl lie inside the versatile elliptic
function. Therefore only the versatile elliptic function of C2 must be expanded to
cover the new incoming data. In Figure 3.7(d), three data in Cl are expired but none
is expired in C2. To reduce the possible prediction error, the size of versatile elliptic
function of Cl is shrunk. After shrinking the versatile elliptic function of C1, the expired
data are moved to class 0 as shown in Figure 3.7(e). For the last event shown in Figure
3.7(f), the class labels of two expired data are changed to new class C3.
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Figure 3.7 An example of how MSNL works. Assume that there two neurons of classes

C1 and C2 in forms of versatile elliptic functions. (a) The beginning situation. There are

10 data in C1 and four data in C2. (b) Two expired data in C1 but none in C2. The

versatile elliptic function of C1 is shrunk. (c) Expanding the versatile elliptic function of

C1 and C2 to cover three new incoming data and four new incoming data, respectively.

(d) Three more new expired data of C1. The versatile elliptic function of C1 is shrunk.

(e) The versatile elliptic function of C1 after being shrunk. (f) There are two expired

data changed to new class C3.



EXPERIMENTAL RESULTS AND DISCUSSION

In case of non-expired and expired data, the performance of proposed
algorithm was evaluated and compared with the existing methods. The percentage of
the average accuracy and the computational time were concentrated as the evaluating
measures. Total 10 benchmarked data sets (both 2-class and multi-class labels) shown
in Table 4.1 were collected from the University of California at Irvine (UCI) repository
of machine learning database [1] and popular data sets were taken from the concept
drift problems. Those data from the concept drift problems were given by New South
Wales Electricity Market collected from time and demand fluctuations in Australia as
described in [2] and by U.S. National Oceanic and Atmospheric Administration taken as

temperature, pressure, visibility, and other-related events of weather measurements

as described in [3].

CHAPTER IV

Table 4.1 The benchmark data sets in my experiments with special structure

class 0
Data sets Source # Instances | # Attributes # Classes
Derm udl 358 34 6
VehicleSilhouette uc 846 18 4
Leaf ucl 340 15 36
EyeDetectioin udl 14980 14 2
Spambase ucdi 4601 57 2
PimaDiabetes uc 768 8 2
BanknoteAuthen uc 1372 a4 2
Skin udl 245057 3 2
Weather Concept drift 18159 8 2
Electric Concept drift 45312 8 2
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In case of expired and class-changed data, the performance of proposed MSNL
algorithm was evaluated and compared with the existing methods. The percentage of
the averaged accuracy and the computational time were concentrated as the
evaluating measures. Total 12 benchmarked data sets (both 2-class and multi-class
labels) as shown in Table 4.2 were collected from UCI database [1] given different from

Table 4.1 and popular data sets for the concept drift problems the same as Table 4.1.

Table 4.2 The benchmark data sets in experiments with temporal class change

Data sets Source # Instances # Attributes # Classes
Balance ud 625 4 3
BreastCancer ucl 683 9 2
Haberman ucl 306 3 2
Sonar udl 208 60 2
Thyroid ucl 215 5 3
Vertebral ucl 310 6 3
Movement ucl 360 90 15
Wine ucl 178 13 3
Image ucl 2310 19 7
Waveform ucl 5000 21 3
Weather Concept drift 18159 8 2
Electric Concept drift 45312 8 2

Since the compared algorithms were not designed to handle the situation of
data expiration, the following experimental set-up was conducted to fairly evaluate
their performances. The data in both class 0 and the other classes were mixed into
one training data chunk for VEBF algorithm, OI-SVM, ASC, learn++.NSE, and WMV
methods. Algorithm 8 was used to generate the data in class 0 and changed class data.
For my experimental set-up, the same set of data used by those compared algorithms
was also used in my experiment. But the data were randomly partitioned into several

chunks to test my concept of one-pass-throw-away learning approach.
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4.1 Setting live and expired states to experimental data sets

Cross Validation (CV) is a commonly used technique for assessing the
performance of a model. For state-of-the-art cross validation, distribution optimally
balanced standard stratified cross validation (DOB-SCV) as presented in [37] is a
technique to reduce the impact of partition-induced covariate shift with the reliability
of classifier performance through cross validation. In processing steps of DOB-SCV, first
of all, an unassigned example is randomly selected and then its k-1 nearest
unassigned neighbors of the same class are considered. After that, it assigns each of
those examples to a different fold. The process is repeated until all examples are
assigned. The whole process is repeated for each class. From the concept of DOB-SCV,
it can be applied for creating expired and class-changed data with optimal distribution
in the entire data set. The detail of how to create expired and class-changed data
based on DOB-SCV in each fold is summarized in Algorithm 8. Suppose that the training
and testing sets are already formed and no expired data exist in these sets prior to the
execution of Algorithm 8.

During the testing process, my proposed network must be able to determine
the recent class of any datum x, after its class has been previously changed several
times. Therefore, some datum already learned are included in the testing set to
evaluate this capability of the network. Let M be the original set of classes in a given
data set before my class set-up process. In all experiments, without loss of generality,
only 10 percent of training data were used for setting up live and expired states in
training and testing processes. One of the following four events regarding the live and
expired states is randomly set up for each training and testing datum X, .

Suppose datum x, is originally in class j€M .

[EN

Event 0: Set x, to class 0.

2. Event 1: Set x, to its original class j.

3. Event 2: Set X, to any other class keM and K# j.
il

Event 3: Set x, toanewclass y ¢M .
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Algorithm 8: Setting Expired and Class-Changed Data for Training and Testing
Input: A training set T™™" and a testing set T™" obtained by applying DOB-SCV

concept.

-|- (Train) T (test)

Output: The training set and testing set with some expired and class-
changed data in both sets.
1. Let f be the number of folds and e be the maximum number of expired data.

2. For each class j in T™" do

3. Set i=0.
4. Whilei<S do
m
5. Randomly select a datum X, and its closest neighbor X in

the same class j.

6. Let « be the duplicate of X,.

7. Let B be the duplicate of x, .

8. Set target classes of « and [ to 0.

9. Randomly select an evente{0,1,2,3}.

10. Case event do

11. 0: Set TaM T £y B}

12. Set TV =T U{a, B}.

13. 1: Set target classes of x, and X, to the same class |.
14. Set T =T ULa, FHO{X,,X,}.

15, Set TV =T Ufx_,x,}.

16. 2: Set target classes of x, and x, to keM and K# j.
17. Set T =T ULa, FHO{X,,X,}.

18. Set TV =T Ufx,,x,}.

19. 3: Set target classes of X, and x, to anew class y €M .
20. Set T =T Ufar, Fro{x,,X,}.

21. Set TV =T Ufx_,x,}.

22. EndCase

23. Update i=i+ f .

24, EndWhile
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25. EndFor

4.2 Performance evaluation and comparison

The performance of the proposed algorithm was compared with families of
incremental learning of VEBF neural network [4], OI-SVM neural network [6], ASC neural
network [8], concept drift incremental learning of learn++.NSE [3], and WMV [27]. The
same initial width vector set-up was adopted from VEBF algorithm given by Algorithm
2. Moreover, the value of this initial width was used in VEBF algorithm and also defined
for tuning the optimal expansion of Gaussian kernel in the experiments of OI-SVM and
ASC methods. Other user-defined parameters were optimized by using the technique
of grid search reported in [6, 8] to obtain the optimal values in the experiments of OI-
SVM and ASC methods. The sigmoid parameters for the learn++.NSE recommended in
[3] were set to 0.5 and 10. The learn++.NSE and WMV applied classification and
regression tree (CART) as their base classifier and the ensemble size was limited to the
number of MSNL neurons according to each experiment. The parameters and their
values used in MSNL experiment were given by Table 4.3. All results summarized in
this section are averaged according to 10 runs. By considering the data sets, we
randomly divided each data set into five disjoint subsets (a 5-fold cross validation
strategy). Then, four subsets were used as the training data and the rest as the testing
data. Each of five subsets was taken turns to be a testing subset and the rest were the
training subsets. This taking turns was repeated five times in each run. Consequently,
the average accuracy and computational time were used for evaluating the

performance of each algorithm.
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Table 4.3 Setting the parameters in experiments

Data sets # Classes (m) | .
Balance m=3 10*m 0.3
BreastCancer m=2 4*m 0.2
Haberman m=2 50*m 0.3
Sonar m=2 50*m 0.3
Thyroid m=3 50*m 0.2
Vertebral m=3 4*m 0.2
Movement m=15 4*m 0.2
Wine m=3 10*m 0.2
Image m=7 50" m 0.2
Waveform m=3 8*m 0.3
Weather m=2 10*m 0.2
Electric m=2 10*m 0.2

4.2.1 Experimental results with special structure of class 0

The names of data sets, number of instances, number of attributes (or
dimensions), and number of classes used in my experiments are summarized in Table
4.1. The comparison results from different algorithms for all data sets are shown in
Table 4.4 and Figure 4.1 displays these average accuracy in terms of expired and non-
expired data in a form of graph. The comparison was focused on the learning time and
the average accuracy of classification with standard deviation shown in parenthesis.
There were five folds in each experiment. My Hybrid-MSNL achieved the almost highest
average accuracy for all data sets because Hybrid-MSNL gradually and temporally
adjusted the neural parameters according to the new incoming data chunk during the
learning process but the other algorithms adjusted their neural parameters based on
the whole data set. This may imply that local information of how the data are
distributed in the space is rather crucial to speed up the learning time complexity and
accuracy. For some data sets, my approach spent more learning time than learn++.NSE

and WMV methods.
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Table 4.4 The average performance of data sets with special structure of class 0

Hybrid-MSNL VEBF OI-SVM NSE WMV
Accuracy Accuracy Accuracy Accuracy Accuracy
(%) with (%) with (%) with (%) with (%) with
its its its its its
Training | standard Training | standard Training | standard Training | standard Training | standard
Data sets time | deviation time | deviation time | deviation time | deviation time | deviation
Derm 294 78.37(3) 2.6 74.16(3) 16.7 65.97(2) 1.19 29.53(1) 1.293 54.01(1)
Vehicle-
Silshouette 19.8 75.47(2) 229 59.81(1) 205 51.58(2) 15.68 42.1(1) 15.57 51.79(1)
Leaf 0.98 76.78(3) 1.57 69.56(4) 206.79 68.59(3) 1.38 57.09(2) 1.03 55.62(1)
EyeDetect 121.98 78.23(2) 129.42 59.47(4) 13591.59 67.34(5) 30.05 60.16(2) 34.53 70.42(2)
Spam 57.09 81.28(3) 69.89 71.84(8) 2754 61.5(4) 18.24 73.86(1) 17.18 73.37(2)
PimaDiabetes 261 80.66(4) 247 61.77(4) 11.25 68.2(9) 1.487 51.31(1) 1.584 63.47(1)
Banknote-
Authen 247 98.24(1) 1.49 61.61(4) 5.96 71.65(3) 1.438 62.43(2) 1.423 55.43(3)
Skin 317 82.99(3) 1896 79.48(2) 30163 75.89(5) 1984 66.03(2) 1576 56.08(2)
Weather 18.12 80.52(5) 29.59 60.65(6) 154.89 55.89(7) 19.67 70.42(2) 15.89 65.49(3)
Electric 29.86 75.29(3) 41.61 59.15(3) 2497.14 60.16(5) 26.81 61.22(4) 17.87 64.19(3)
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Figure 4.1 The comparison of overall average accuracy in terms of in terms of expired

and non-expired data

To demonstrate the effect of percentage of expired data versus the accuracy,
five experiments with different percentages 0%, 5%, 10%, 15%, and 20% of expired
data were tested. The overall average accuracy of class 0 and the other classes with
different percentage of expired data obtained from each algorithm for BanknoteAuthen
data set is shown in Figure 4.2. Each experimental result with different percentage
depicts in a form of graph shown in Figures 4.3 — 4.7. The results concerning this effect
for the other data sets are not shown due to the sizes of Figures. Observe that the
average accuracy of expiration class of Hybrid-MSNL and learn++.NSE is rather stable
and almost independent from the percentage of expired data. But this is not true for
the other algorithms. However, for the non-expiration classes, my approach produced
slightly less accuracy than that of OI-SVM, but my approach produced more accuracy

than learn++.NSE and others'.
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4.2.2 Experimental results with temporal class change

The names of data sets, number of instances, number of attributes (or
dimensions), and number of classes used in my experiments are summarized in Table
4.2. The comparison results from different algorithms for all data sets are shown in
Table 4.5 and Figure 4.8 displays these average accuracy in terms of expired and class-
changed data in a form of graph. The comparison was focused on the learning time
and the accuracy of classification with standard deviation shown in parenthesis. There
were five folds in each experiment. My MSNL achieved the highest average accuracy
for all data sets because MSNL gradually and temporally adjusted the neural
parameters according to the new incoming data chunk during the learning process but
the other algorithms adjusted their neural parameters based on the whole data set.
This may imply that local information of how the data are distributed in the space is
rather crucial to speed up the learning time complexity and accuracy. For some data

sets, my approach spent more learning time than VEBF, WMV, and ASC methods.



Table 4.5 The average performance of data sets with temporal class change
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MSNL VEBF Ol-SsVM ASC NSE WMV
Accuracy Accuracy Accuracy Accuracy Accuracy
Accuracy (%) with (%) with (%) with (%) with (%) with
(%) with its its its its its its
Data Training standard Training standard Training standard Training standard Training standard Training standard
sets time deviation time deviation time deviation time deviation time deviation time deviation
Balance 0.75 87.64(3) 117 74.28(2) 16.7 76.85(3) 10.32 60.29(1) 1.26 69.97(5) 0.68 65.12(4)
Breast-
Cancer 1.37 88.36(6) 2.26 66.74(6) 1.93 75.69(2) 192 74.57(6) 1.47 73.66(1) 1.41 69.12(3)
Haberman 1.36 89.48(3) 171 69.13(10) 8.77 68.2(10) 9.72 69.09(12) 2.15 68.41(3) 1.29 61.73(4)
Sonar 0.42 86.63(3) 0.39 79.85(7) 0.76 64.26(10) 0.67 58.79(13) 0.48 70.4(4) 0.46 65.09(4)
Thyroid 0.71 90.36(6) 0.86 73.56(5) 1.08 82.55(3) 0.121 68.55(10) 0.94 84.99(8) 0.82 76.37(5)
Vertebral 0.15 88.04(4) 0.15 75.43(9) 232 86.52(6) 0.18 76.09(6) 0.17 80.43(2) 0.16 73.44(4)
Movement 6.68 90.59(7) 8.64 76.98(10) 6.47 70.95(4) 6.09 61.11(3) 7.34 62.86(5) 6.26 62.7(3)
Wine 0.41 81.17(4) 0.47 72.87(3) 0.67 65.71(9) 0.97 68.43(6) 0.49 75.86(5) 0.29 72.76(2)
Image 17.7 87.68(2) 259 78.96(11) 44.43 65.57(12) 79.12 75.67(2) 68.78 68.11(3) 36.52 60.73(9)
Waveform 15.7 75.82(6) 16.6 65.26(3) 40.56 67.91(5) 29.58 49.77(3) 29.08 65.53(3) 14.34 59.09(6)
Weather 24.12 82.85(5) 25.59 61.69(6) 159.89 58.76(8) 120.23 53.66(7) 58.67 71.22(6) 37.89 66.39(7)
Electric 34.99 78.46(8) 35.12 67.47(7) 249.43 70.49(10) 213.87 65.97(8) 95.52 69.53(9) 59.11 68.69(6)
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Figure 4.8 The comparison of overall average accuracy in terms of expired and class-

changed data

To demonstrate the effect of percentage of data expired and changed class
versus the accuracy, four experiments with different percentages 0%, 10%, 20%, and
30% of expired and class-changed data were tested. The overall average accuracy of
non-expired, expired, and class-changed classes with different percentage of expired
data obtained from each algorithm for Thyroid data set is shown in Figure 4.9. Each
experimental result with different percentage depicts in a form of graph shown in
Figures 4.10 - 4.13. The results concerning this effect for the other data sets are not
shown due to the sizes of Figures. Observe that the average accuracy of MSNL is rather
stable and almost independent of the percentage of expired data and data changed
class. But this is not true for the other algorithms. However, for live classes, my

approach produced slightly less accuracy than that of OI-SVM and learn++.NSE.
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Figure 4.13 The average accuracy of Thyroid data set with percentage 30% of expired
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4.2.3 Experiments on concept drift problem

The SEA data stream of classical concept drift problem discussed in [29] was
tested to evaluate the performance of the proposed algorithm and ensemble methods
of classifiers for handling the concept drift scenario. Also, a real-world data set of non-
stationary environments, weather prediction [3] is another data stream experimented
in this problem. They were separated into chunks using test-then-train strategy. Figure
4.14 and Figure 4.15 show the experimental results in classification error of SEA and
Weather data sets, respectively. From these figures, the proposed MSNL performed
tracking the drifting distribution achieving accuracies nearly the same as Learn++.NSE

and WMV. In some time steps of Weather real-world data set, MSNL performed better
than Learn++.NSE and WMV.
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Figure 4.14 Classification error of algorithms on the classical SEA data stream
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Figure 4.15 Classification error of algorithms on the Weather data set

4.3 Discussion

The proposed algorithm can be applied with randomly expiring or class-
changing of data under non-stationary situation. This situation is similar to concept drift
problem or non-stationary environment. The results in the experiments serve that the
proposed MSNL is robust to changing on various environments. However, the updated
parameters of each neuron of the proposed network are slightly shrunk or exceedingly
expanded according to incoming data that are expired or even changed in classes

during the learning process affecting the performance of proposed algorithm.

4.3.1 Analysis of complexity with special structure of class 0

In case of non-expired data, the learning time complexity of proposed
algorithm is equal to that of VEBF algorithm with respect to the number of non-expired
data. But in case of expired data, the learning time complexity involves the
computational time of pseudoinverse matrix process [36] and time to compute u' (i)
and AT (i). If there are L expired data vectors in R?, then pseudoinverse time
complexity is O(d’L). The time complexity to compute both u' (i) and AT(i) is
O(L).
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Similar to the time complexity, the space complexity concerns two aspects.
The first one is the space complexity for leaning non-expired data. The analysis of this
complexity is rather complex because it must involve the number of expired data
covered by each neuron. As previously discussed, a neuron with its links can be entirely
removed from the network if all its learned data are expired data. Obviously, this
situation effects the analysis of space complexity. Therefore, the analysis of space
complexity for non-expired data will be the further study. The second aspect is the
space complexity for expired data. Let p be the first data chunk. Since all expired
data are captured in forms of vectors u' (i) and A'(i) which can be recursively
computed from V; ., V,

[Lp]" “I
equal to O(pd)+0(dL) +0(d) +0(d) = O(max(p, L)) .

o U (i—1), and A" (i—1), hence the space complexity is

4.3.2 Analysis of complexity with temporal class change

In case of live data, the learning time complexity of proposed algorithm is equal
to that of VEBF algorithm with respect to the number of live data. However, in case of
expired data, the learning time complexity is additionally computed as twice of the
previous case because a neuron of expired data can be recreated after being removing
from the network of live data in the lower stratum. For case of class change, the
learning time complexity is also the same as that of the case previously discussed due
to the removal of neuron from the network of expired data and revived to the network
of live data again.

Similar to the time complexity, the space complexity concerns two aspects.
The first one is the space complexity for learning live data. The analysis of this
complexity is rather complex because it must involve the number of expired data
covered by each neuron. As previously discussed, a neuron with its links can be entirely
removed from the network if all its learned data are expired. Obviously, this situation
effects the analysis of space complexity. Therefore, the analysis of space complexity
for live data will be the further study. The second aspect of expired and class changed

data is similar to in case of the non-expired data.



CHAPTER V
CONCLUSION

In various applications, the lifetime of data must be concerned to determine
the classes. The problem of learning both live and expired data was studied. A new
learning algorithm using the structure of multi-stratum network named Multi-Stratum
Network Learning (MSNL) was proposed to learn these data. The main structure
consists of two strata. The first stratum is similar to the conventional feed-forward
structure but the proposed structure can be dynamically and temporally changed
according to the status of incoming data, i.e. live and class change. A set of new
recursive functions for computing mean, variance, and covariance matrix when some
data are removed was proposed to achieve the minimum computational space
complexities and to speed up the learning time. The second stratum is for storing only
those expired data. The comparison of experimental results from MSNL and the other
algorithms with several benchmarked data sets signified that MSNL achieved a fast

speed as well as higher accuracy than the others'".
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